Inventor collaborations that span across regions facilitate the combination and diffusion of innovation-related knowledge. While remote partnerships are gaining importance; most R&D cooperations remain embedded in local environments and little is known about how spatial patterns of creation and persistence of ties in large-scale co-inventor networks differ. We use the publicly available OECD REGPAT database to construct a co-inventor network of the EU27 and continental EFTA countries from patents filed between 2006 and 2010, and identify those ties that had been persisted from before 2006. A community detection exercise reveals that persisted collaborations cluster at a smaller geographical scale than what is observed in the full network. We find that in general the estimated probability of persisted collaboration does not differ from the complete collaboration network when geographical distance, technological similarity or the number of common third partners across regions are assumed to influence tie probability separately. However, persistent collaboration gains exceptional likelihood if regions are proximate in all three dimensions. Our results therefore offer evidence that repeated inventor collaboration drives regional innovation systems towards isolation, which is a threat for European innovation policy.
Introduction
Technological innovation is concentrated in space due to its increasing returns to scale 1, 2 , and because it is easier to share complex knowledge with partners in geographical proximity and through face-to-face interaction [3] [4] [5] [6] . Social relations greatly influence these phenomena by increasing externalities 7 , by facilitating the emergence of novel combinations 8 , and by enabling flows of innovation-related knowledge through connections that can bridge even great distances 9, 10 . Due to its importance, the spatial structure and dynamics of innovative and R&D collaboration networks have been extensively investigated in economic geography and related fields [11] [12] [13] [14] [15] [16] [17] [18] . However, surprisingly little is known about how the spatial patterns of persistent non-local inventor collaborations differ from newly created ones.
According to a central stylized fact, dense local networks represent most of the interactions related to innovation, while relatively sparse distant connections provide extra opportunities for novel combinations 19 . The dynamics of collaboration networks are thought to mirror the evolution of the innovation system itself 20 , in which a major threat is that network evolution leads to a dead-end in technological development in regions 21 . Theoretical claims emphasize that such locked-in development is more likely to occur if strong connections, dyadic similarities or triadic network cohesion are too strong drivers of spatial network formation 22, 23 . Empirical findings supports these claims by showing that besides geographical proximity, the overlap of technological portfolios 12, 13 and triadic closure of partnerships 18 also increase the probability of cross-regional innovative collaboration.
To better understand whether spatial network dynamics leads regions to lock-in, Juhász and Lengyel 24 proposed a simple framework for separating the mechanisms of tie creation and tie persistence. This distinction is important because uncertain new connections offer access to new knowledge, whereas persistent ties represent those strong collaborations that are worth repeating despite their considerable opportunity costs 25, 26 . They argue that the sign of the correlation between the probability of tie persistence and the joint effect of dyadic variables (e.g. geographical distance, technological similarity, triadic closure) indicates whether the network evolves towards an inert and too cohesive system, or remains open for variety through new connections. A positive correlation then means that network evolution is headed towards lock-in, whereas a negative correlation indicates that some network variation is still present to offset network closure.
In this paper, we investigate the spatial patterns of co-inventor collaboration and the persistence of patenting partnership in the regions of the EU27 and continental EFTA countries (Norway and Switzerland). We use the publicly available OECD REGPAT Database that contains the location of inventors at NUTS3 level regions (Nomenclature of Territorial Units for Statistics) defined by the European Statistical Office. The European patenting collaboration has been claimed to remain fragmented 27 by country borders despite the policy efforts to strengthen international collaboration 28 and the fact that international collaboration produces better patents in terms of citations 29 . Our community finding exercise 30 provides further support for this claim, and more importantly, we find that persisted co-inventor ties are concentrated at an even smaller geographical scale.
In a further analysis, we investigate how the probability of persistent co-inventor ties, as a function of geographical distance [31] [32] [33] , the overlap between technological portfolios and the number of common third partners and differ from copatenting in general. Then, we apply a multivariate gravity equation approach 17, 34 , and control for region-level covariates such as population density, gross value added and centrality in the network among others. Because the main explanatory dyadic variables correlate with each other 32 , in the final step, we analyze the joint effect of these variables. Although the patterns of persistent ties do not differ considerably from co-inventorship in general neither in the bivariate nor in the multivariable setting, we find very strong and positive correlation between the threeway interaction term and the probability of persisted ties.
Our findings together suggest that persistence of co-inventorship drives European regions toward cohesive and perhaps also locked-in systems of innovation.
Results
To analyze the spatial patterns of inventor collaborations and their persistence across European regions, we use the full set of patents authored by European inventors, and registered by the European Patent Office (EPO). We look at inventor-inventor collaborations on patents that have been registered in the 2006-2010 period, and identify a collaboration as persisted if the inventors had co-authored at least one patent previously, during the 1991-2005 period. The data is from the publicly available OECD REGPAT Database that contains the year of filing and technological classes of patents, and the unique identifier and the region of residence of inventors. Data management is explained in detail in the Methods section. Table 1 . Descriptive characteristics of the co-inventor collaboration network and the persisted collaboration network. *Communities of size 1 are excluded.
Collaboration Persisted Collaboration
We summarize the major characteristics of cross-regional inventive collaborations in Europe and their persistence in Table1. Out of more than 772K individual cross-regional collaborations of inventors in 2006-2010, only every 18 th was repeated from a previous collaboration. We aggregate these individual ties to European NUTS3 regions, creating a weighted network of regions in which the weight of a region-region tie is the number of individual collaborations connecting the two. After the aggregation, the collaboration network of regions consists of nearly 47K ties, while a persisted collaboration exists only between one 7 th of these region pairs. Consequently, the density of the persisted network is one magnitude lower than the density of the complete collaboration network.
Spatial communities of inventor collaboration
To characterize the spatial structure of the interregional networks of collaboration and persisted collaboration, we use the Louvain algorithm 30 , a popular and effective algorithm to partition the network by hierarchical clustering. We then calculate the modularity of the community structure to measure the tendency of connections to be within groups of the partition rather than between them 35 . The modularity Q of the network's partition can be written as:
where L is the total number of individual co-inventor edges in the network, L k is the total edges of members of group k, and L w k is the number of edges within group k. Because modularity is highly dependent on the size and density of the network,
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following Sah et al. 36 , we calculate the relative modularity of the two networks by dividing Q by the theoretical Q max that would be achieved if all edges were within the communities. Rand indexes between the presented and four other community structures found on randomly re-shuffled matrices are reported in SI Table 1 and SI Table 2 .
Our findings reported in Table1 reveal remarkably less communities in the collaboration network, than in the persisted collaboration network. Persisted collaboration tends to be concentrated to a higher extent within these communities than collaboration itself, which is due to the lower level of network density, since relative modularity has similar values in the networks. In Figure1 we map both networks and their community structures. Because the collaboration network has too many edges to put all on the map, and the edge weights deviate on a large scale, we simplified the network to its' maximum spanning tree for the illustration, in which every region is connected to every other region by only one path such that the sum of the tie weights are maximized. Figure 1A reveals that most European countries have an outstanding innovation center, in which collaboration is concentrated, and these centers bridge the innovation system with other countries (e.g. in Spain, Sweden, Finland, Italy, Hungary and Romania). There is more than one center in Poland, France and especially in Germany, where regional centers emerge from the maximum spanning tree. Most of these spatial structures are present in the persisted collaboration network as well, in which all ties are depicted in Figure 1B . Persisted collaboration is concentrated in single innovation hubs in Sweden, Finland, Italy, whereas two centers emerge in France (Paris and Lyon) and multiple centers in Germany, where these centers are strongly connected to each other but also collect even stronger local connections.
Both networks are organized into spatially bounded communities ( Figure 1C and B), which is not surprising since spatial community structures have been repeatedly found in social and communication networks 32, 33, 37 . Chessa et al. 27 also report that communities of inventor collaboration are bounded by national borders in Europe. Our findings suggest more integration in the studied period, since some of the communities expand countries: for example the community including the Benelux states, France and Spain. These communities contain neighboring countries such as Switzerland and Austria, or the community of Poland, Czech Republic and Slovakia. However, the United Kingdom, Hungary and Croatia are found to be in one community with the Scandinavian countries. We find that inventor collaboration in Italy is a separate network community. Interestingly, Germany is organized into two large communities and this spatial structure does not follow the traditional East-West divide, which is a sign of reorganization of inventive collaboration after the fall of the Iron Curtain 38 .
Interestingly, the persisted collaboration network is concentrated in smaller spatial communities than the complete collaboration network. The innovation systems of persistent collaboration are not organized by a universal schema of spatial levels. In some cases these systems represent countries (e.g. France and Italy), groups of countries (e.g. Belgium and the Netherlands, or the Scandinavian countries), spatially clustered regions that span across countries (e.g. in the UK) and spatially concentrated communities with very few overlap (in Germany). Nevertheless, the relatively larger communities break into smaller ones in all cases. This finding suggests that collaboration is relatively more likely to be repeated between geographically proximate locations while new collaboration is relatively more likely to bridge distant locations.
Gravity approaches of co-inventorship
We further investigate the notion of different sizes of spatial communities in the complete versus the persisted collaboration networks by applying two gravity approaches. In these gravity models, the unit of observation is the region-region link and we aim to identify the effect of dyadic covariates on collaboration and persisted collaboration.
In the first gravity approach, that is often applied in network science [31] [32] [33] , we measure how distance decay, technological similarity and triadic closure of partnership increase or decrease the probability of collaboration and persisted collaboration across regions. Distance decay (Distance) influences network density 31 , and thus yields spatial communities in and of itself 39 . Because technological similarity of regions and triadic closure of partnership influences the establishment and persistence of collaboration 17, 18, 24 , we consider probabilities as a function of these dimensions as well. The overlap between the technological portfolios of regions is measured by cosine similarity (Cosine), taking the value of 0 in case of perfect mismatch and 1 in case of perfect overlap. Triadic closure is measured by Jaccard similarity (Jaccard), that takes the value of 0 if regions share no partners and 1 if all their partners are shared. The calculation of cosine and Jaccard similarity are described in detail in the Methods section.
We bin the distributions of region-region links into 20km intervals for Distance, 0.025 intervals for Cosine, and 0.01 intervals for Jaccard. Then, we calculate probability P(Distance,Cosine, Jaccard) of collaboration and persisted collaboration for every group such that P(Distance,Cosine, Jaccard) =
where L i j is the number of observed individual co-inventor connections between regions i and j in the corresponding network, whereas N i and N j refer to the number of inventors in these regions who authored at least one patent in the 2006-2010 period regardless whether they established a new collaboration or persisted an old one. Figure 2 depicts the probability of collaboration and persisted collaboration as a function of distance, technological similarity and shared third partners. Since we use an identical denominator for both networks, the smaller probability for persisted collaboration evidently follows from a lower density of individual connections. However, these differences are surprisingly stable across all three distributions. The exponent of distance decay in the persistent collaboration network is 4/14 Figure 2 . The probability of collaboration and persisted collaboration as a function of region-to-region characteristics. (A) Distance decay is smooth for geographically proximate collaboration and persisted collaboration, and follows linear decay on log-log scale with the exponents -1.05 and -1.27 for distances larger than 100 km. (B) The overlap between technological profiles of regions, measured by cosine similarity, increases the probability of collaboration with a growing intensity as similarity rises. (C) The probability of collaboration grows linearly on a logarithmic scale as the share of common third partners, measured by Jaccard similarity, increases. The exponent is 3.86 for collaboration and 5.67 for persisted collaboration. somewhat higher than in the complete collaboration network, however, these power laws can be fitted to the middle of the distance distribution only, and curves are remarkably similar for distances smaller than 100 km. A fractional polynomial fit (1.75Cosine 3 + 3.22Cosine 3 ) captures the relation between cosine similarity and P(Cosine) very well ( Figure 2B) , and suggests that a wide overlap of technological profiles increases the probability of collaboration and persisted collaboration ties in a similar manner. Moreover, after a critically extensive technological similarity the probability increases exponentially. A power-law can be fitted on the Jaccard distribution as well such that an increasing fraction of shared third partners induce P(Jaccard) and the exponent is higher in the persisted collaboration ( Figure 2C ). However, the fit only works for the middle of the distribution and the effect of Jaccard similarity becomes remarkably alike across the networks when at least 40% of third partners are shared.
Because univariate gravity models do not reveal remarkable differences of newly created versus persisted co-inventor collaborations, we apply a multivariate gravity approach often used in regional science and economic geography 17, 34 . Distance decay correlates with triadic closure 18, 32 , and also with technological profiles of regions 12 ; therefore, the multivariate approach is straightforward to disentangle different effects behind the spatial structure of collaboration and persisted collaboration networks.
In multivariate gravity modeling, the strength of region-region links are estimated in a regression framework with dyadic covariates and characteristics of both regions involved in the dyad. We look for differences in the correlation values of covariates between the strength of collaboration and persisted collaboration ties on the same set of region-region links, for which the co-variates are identical. Therefore, a necessary condition for the exercise is the variation of collaboration versus persisted collaboration tie strengths. In Figure 3A we see a very strong correlation between collaboration and persisted collaboration. However, sufficient variance between these two values is also present. For example there is a relatively wide distribution of collaboration strength for those region-region links that have 10 1 persisted ties: the minimum, mean and maximum values are around 10 1 , 10 2 and 10 3 .
The strength of collaboration and persisted collaboration ties can be considered as count data of individual co-inventor edges, in which most region-region links account for zero individual connections. Therefore, we apply a Zero-Inflated Negative Binomial (ZINB) regression, which consists of two parts 40 . The first equation refers to the count process, in which we estimate the number of individual ties between regions by our three main variables. This equation is formulated as log(Y i j = y i j ) = β 0 + β 1 Proximity i j + β 2 Cosine i j + β 3 Jaccard i j + ε i j ,
where Y i j is the strength of collaboration or persisted collaboration between regions i and j, Proximity i j is the inverse of distance, while Cosine i j and Jaccard i j refer to variables explained above. sign, we standardize every variable so that coefficients sizes can be compared across varying scales. The second equation is often referred to as regime selection, which is to deal with excessive zeros in the data and is formulated as
where we estimate the probability that a connection may develop between two regions. In the equation θ i j is a dummy variable that takes the value 1 if region i and region j are in the same country, and Z i , Z j are a collection of region-level control variables that are commonly used in similar estimations 17 . The list and motivation of control variables and a more detailed description of ZINB regression models can be found in the Methods section.
In Figure 3B , we plot predicted values of collaboration ties against the predicted values of all collaborations and persisted collaboration ties calculated by estimating the coefficients of the ZINB regressions. The skewed distribution suggests that the gravity estimation narrows down the variance we observe in Figure 3A . The two separate estimations, in which only the dependent variables and the Jaccard indexes differ, yield very similar predicted values of collaboration and persisted collaboration for region pairs. Therefore, if coefficients suggest different effects, one can argue for diverging mechanisms of establishing new inventor collaboration versus persisting old collaborations.
The parameters estimated from Equation 3 are presented in Figure 4A with their 95% confidence intervals. Because all three explanatory variables are standardized, coefficients show the expected change in the log number of collaboration and persisted collaboration in case there is one standard deviation change in the independent variable. The details of the parameter estimations are presented in Supporting Information 3. Results suggest that geographical proximity is more important to persist collaboration than what is observed in the collaboration network in general. Technological similarity does not differentiate collaboration from persisted collaboration across European regions. Interestingly, high shares of common third partners favour collaboration more but not so much the persistence of collaborations. These findings are in line with previous results of Ter wal 18 , who argues that common third partners decrease costs and uncertainties of new link formation, but once the collaboration is established, geographical proximity is more important in decreasing the costs of maintaining and thus further strengthening these relations. The importance of geographical proximity gives a hint already at why spatial communities of persisted networks are of smaller spatial scale than the ones in the general collaboration network.
However, the correlation between these variables 12, 24, 32 call for better understanding how their joint effect increases collaboration and persisted collaboration. Therefore, we include the interaction effect of our main variables and modify Equation 4 such that
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where Y i j is the strength of collaboration or persisted collaboration, and the D upper index refers to a dummy transformation of the variables after which the variable gets the value of 1 in case it is higher or equal to the mean of its distribution and 0 otherwise. This transformation is useful since the sign of those interaction coefficients that significantly differ from zero can be interpreted to influence collaboration positively or negatively, while the interpretations of the interactions of the continuous variables would not be straightforward.
Figure 4. Estimation results of the multivariate gravity equation. (A)
Considering single effects only, we observe that the probability of collaboration is mostly increased by common third partners, while persistent ties gain probability if regions are geographically proximate. (B) Interaction effects reveal that persistent ties gain extra probability if regions are geographically proximate, technologically similar and share many partners at the same time.
In Figure 4B , we illustrate the coefficients and 95% confidence interval of interaction terms obtained from estimating the ZINB regression of Equations 5. Details of the estimations are presented in SI 4. Interaction coefficients of collaboration ties are positive and significant in all cases when the Jaccard index is involved. This means that sharing third partners increases the effect of both geographical proximity and technological similarity. More importantly, we find that persisted collaboration is increased by interaction terms only if all three variables are included in the joint effect. This last finding suggests that the persistence of cross-regional inventor collaboration in Europe gains extra likelihood when regions are geographically proximate, are similar in their technological profile and share most of their third partners. Consequently, the communities of persisted collaboration are of smaller spatial scale not only because the effect of geographical proximity is at work, but also because this is coupled with technological similarity and shared third partners.
Discussion
The focus of this study has been on the nature of co-patenting and the geography of persisted collaboration across European regions. We found that only a fraction of patent collaborations across regions are persisted, and they are clustered more intensively compared to the complete network. Our results show that new collaborations in inter-region co-patenting network emerge mainly through triadic closure, while geographical proximity becomes the most influential factor for maintaining co-patenting. In addition to that, the combination of technological similarity and shared partners offer a premium for the likelihood to maintain collaboration, but only when geographical proximity is present as an enabler. All together these findings suggest that there is an intensive search process for new partners in the inter-region collaboration network under study, where the main strategy for decreasing the uncertainty of benefits from collaboration is through partners of partners becoming partners. However the repeated cost of lasting collaborations shifts emphasis to geographical proximity and the added benefit of multidimensional proximity among partners.
The findings of this paper bear consequences for innovation policy in the EU. The declared objective of establishing a
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European Research Area was to decrease the fragmentation of the European research activities, that are still self-organized into national innovation systems. However, those inter-regional collaborations, that are deemed worthy of maintaining are fragmented at a smaller spatial scale of regional innovation systems, that also follow national borders. This poses challenges for both establishing cross-border regional innovation systems and for developing lasting cooperations between more distant places. While the spatial clustering of innovative activities offers positive externalities 41 , fostering a diverse and open network of inventors in general helps in exploring opportunities 42 , and in avoiding lock-in. However, our evidence suggests that lasting cooperations are strongly bounded by multidimensional proximity, and are likely to revert to spatial clustering. European innovation policy could address these issues by specifically targeting persisted collaborations across national borders and larger distances. Figure 5 offers an overview of the data management process and the key explanatory variables. We used the publicly available OECD REGPAT database for all patent classifications. For every patent the database includes a unique ID and location information at NUTS3 level of the inventor(s) and the IPC classification(s). From these patent informations we derived the cross regional inventor collaboration network. The tie weights are proportional to the number of inventor collaborations between regions in the 2006 to 2010 period. We consider an inventor-inventor tie persisted when it has occurred at least once in the 1991-2005 period, priory our investigation. All data is publicly available upon request from OECD. The region-region edgelists, from which our results can be reproduced are available on this link. The Distance variable denotes physical distance measured in kilometers between the centroids of each region. Geographical Proximity between regions i and j was obtained by using the inverse of Distance calculated as maximum(Distance i j ) − Distance i j .
Methods
A common way of quantifying technological similarity between two regions i and j is to calculate the cosine similarity of the patent portfolio vectors V i and V j . The variable Cosine is defined as:
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where the numerator is the inner product of the regional patent portfolios. These portfolios contain the number of patents for each 4-digit IPC class in the region. The denominator is the product of the Euclidean length of each patent portfolio vector 43 . The theoretical range of cosine similarity is the [−1, 1] interval, however as patent numbers cannot take on a negative value our variable ranges from zero to one, where zero is the case of perfectly unrelated portfolios and one represents complete similarity.
To calculate shared partners in two regions' collaboration network we used the Jaccard index, that measures the overlap between finite sample sets, and is defined as the cardinality of the intersection divided by the cardinality of the union 44 :
where A i and A j refer to the underlying collaboration matrices of regions i and j. The Jaccard variable ranges from zero to one, where higher values indicate a higher share of common third partners. We also calculated Dice similarity and inverse log-weighted similarity that are alternatives for Jaccard; however, we found a very strong correlation between these indices (above 0.9 in all cases). Therefore we opted for the Jaccard index because it is the most intuitively interpretable.
The comparison of the three main continuous explanatory variables may lead to misleading inferences. One unit change in Cosine similarity is hardly comparable with one unit change in Jaccard index or one kilometer change in geographic proximity and vice-versa. Standardizing continuous variables makes it easier to compare coefficients of the estimations on the same scale. Therefore, the three main explanatory variables have been rescaled to have a mean of zero with one standard deviation. We used the following standardization function z(
,where x is the mean of x, and σ x is the standard deviation of x.
Co-inventor collaborations between regions can be considered as a count process. Because there are an excessive number region-region pairs with zero collaboration ties, we have to deal with the cases of missing collaborations independently as creating zero collaboration would be a distinct process from creating non-zero collaboration. In the Zero Inflated Negative Binomial regression technique, we assume that missing collaboration in a region-region pair is a result of a conscious decision of inventors. In this model, P i j is the probability that the value of observation ij is zero and the count process is governed with probability (1-P i ) by a negative binomial distribution with mean λ i . Therefore the response Y i j follows the distribution of:
with probability P i j + (1 − P i j )e −λ i j y i j , with probability (1 − P i j )
The ZINB model is therefore a combination of a probability function and a negative binomial distribution where λ i j is the mean and k is the overdispersion parameter. Following Greene 40 the model can be written as:
In this paper, the inflation part of the regression consisted of variables that usually represent magnitude in a multivariate gravity approach, such as the number of inventors, population density, the log of gross value added and the aggregate number of co-inventor collaboration, plus an additional dummy variable for within country cooperations. We inserted the explanatory variables into the count process part of the model. Standard errors in parentheses * p < 0.10, * * p < 0.05, * * * p < 0.01
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